Objectives-The physical structures of renal stones are highly correlated with their breakability. Noninvasive estimation of stone roughness will be beneficial for management. The intensity of the twinkling artifact appearing at the site of renal stones on Doppler ultrasound imaging is also influenced by the stone's roughness level. This article proposes a quantitative method for roughness prediction of ex vivo renal stones based on a twinkling analysis of their color Doppler images.
N ephrolithiasis is a common disease in the United States, with estimated lifetime prevalence rates of 10.6% among men and 7.1% among women. 1 Medical imaging plays a pivotal role in the management of urinary stones, whose goals include not only the detection of stones but also, and equally important, characterization of their size, shape and fragility. These data are often important for the selection and design of appropriate therapy, monitoring the success of treatment, and detecting complications. 2 For instance, whereas calcium oxalate monohydrate stones are extremely dense with smooth structures, the dihydrate ones have irregular surfaces and are more fragile, which improve the effect of extracorporeal shock wave lithotripsy. 3 Among imaging modalities, grayscale ultrasound (US) is used as the primary diagnostic tool because of its safety, availability, and inexpensiveness. However, its sensitivity in urinary stone detection is about half that of nonenhanced computed tomography, which is considered the gold standard. 4 Unfortunately, computed tomography is expensive and uses ionizing radiation, which may slightly increase an individual's lifetime risk of cancer. 5 Besides the mentioned benefits of US, studies in recent years have also shown that its stone detection sensitivity can be improved by using an artifact that appears in the color flow Doppler mode. [5] [6] [7] [8] [9] [10] The high reflective nature of kidney stones along with their irregular surface structure generates a randomly and rapidly changing pattern of red and blue shades, which is referred to as a twinkling artifact. 11 The observed colors are due to the use of a red-blue color map, which is the most common setting for Doppler data visualization, and using different maps will lead to twinkling in different color schemes. In addition to detection enhancement, it has been observed that the appearance of the twinkling artifact is affected by the level of the surface roughness of the imaging medium and also its chemical composition. 3, 6, [11] [12] [13] [14] [15] Therefore, a proper analysis of the twinkling artifact can potentially be considered as a noninvasive tool for kidney stone characterization.
We have recently developed a quantitative method to measure the twinkling artifact on color flow Doppler images numerically. 16 The quantitative measures have been selected in a way that they are sensitive to the roughness level of a phantom, which generates the artifact. The feasibility of using the proposed framework for roughness differentiation was also investigated for a twinkling-extracted time series 17 and raw US radiofrequency signals. 18 In these mentioned studies, graded sandpaper strips were used as simple phantoms to mimic different levels of surface roughness. A classifier was then used to recognize the roughness label from the twinkling magnitudes extracted from the Doppler data.
This article is concerned with the correlation between the intensity of the twinkling artifact and the physical irregularities of real kidney stones. The clinical importance of noninvasive estimation of the roughness of internal body calculi is due to the correlation between surface roughness and physical breakability. The crystal lattice structure of a kidney stone is determined by its chemical composition, and the morphologic characteristics of crystals in any mineral directly influence its different physical properties such as hardness and breakability. Furthermore, kidney stone generation is the result of a cumulative process, and as a result, knowledge about the morphologic characteristics of the stone surface can also provide information about its internal crystal structure. Therefore, the surface structure of stones can be related to their fragility and hence the success of shock wave lithotripsy. However, the main challenge in applying the previously mentioned learning approach to real kidney stones is that their irregularity levels are initially unknown. Therefore, their roughness should first be determined by an alternative numerical method. These data along with the twinkling measures extracted from acquired Doppler images will then be used to train a roughness predictor.
Surface characterization is an important quality control process in many industrial productions. The surface topography and roughness affect the tribologic functions, electrical and thermal performance, mechanical properties, and appearance of the final product. 19 There are many standard methods for determining the roughness of a planar surface. Essentially, each method uses some mechanism to interact with the surface of interest and determines the spatial positions of its components. These mechanisms are classified into contact methods, in which the surface is touched with a mechanical stylus, and noncontact ones, in which light, sound, or magnetic fields are used. 20, 21 Once the spatial readings of a surface are obtained, the roughness measures are calculated according to the relative standards 22 and reported to the user.
However, these tools are mostly inaccessible for nonindustrial uses because of their cost and complexity. Furthermore, although these methods work perfectly for planar surfaces, many of them are not applicable to curved structures such as renal stones. Generally, there is a trade-off between the local resolution and the overall range of spatial measurements; the higher the resolution, the more limited the range. 23 A comparison between a planar rough structure and a curved rough structure is illustrated in Figure 1 . In a renal stone, the surface irregularities are on the order of micrometers (resolution), but the overall stone size is on the scale of millimeters or even centimeters (range). In this study, according to the mentioned limitations, we decided to develop a 3-dimensional (3D) spatial scanning setup to acquire a detailed model of the morphologic characteristics of renal stones.
Three-dimensional models are used for many medical applications such as plastic surgery, prosthetic orthodontics, pose studies, and forensic medicine. 24 There are mainly 2 categories of range-and image-based modeling. Although the former directly captures the spatial geometry with costly active sensors, the latter recovers the 3D model from simple optical images. 25 Digital close-range photogrammetry is one of the image-based methods in which geometric measurements of an object are made by a trigonometric analysis of overlapping photos taken from slightly different angles. 26 Due to the recent advances in commercial photogrammetric software and digital photography, this technique has undergone a rapid evolution and has become a viable modeling method in terms of complexity, accuracy, cost, and flexibility. Due to these benefits, we used digital photogrammetry as the core technique for modeling and roughness measurement of renal stones.
In this article, the proposed 3D optical modeling setup and technique are introduced first. With the proposed method, spatial models of 20 renal stones were generated, and then their surface roughness was measured by using 12 standard parameters. These parameters were used as quantitative labels for the stones in designing the roughness predictor. More than 1 roughness measure was calculated to also investigate which definition of surface roughness is better correlated with the appearance of the resultant twinkling artifact. The renal stones were then placed in the middle of an agar-based phantom for Doppler data acquisition. The US system was then calibrated for the twinkling analysis, and all stones were imaged in the color flow Doppler mode. Next, the images were transferred to a computer for preprocessing and quantification of their twinkling artifacts. For each image, 11 top-ranked twinkling measures 16 were extracted, and their linear relationship with roughness labels was investigated by 12 separate multiple linear regression analyses. Finally, a linear model for noninvasive prediction of renal stones roughness from twinkling data was trained and tested. To our knowledge, this work is the first study that used the quantitative analysis of the twinkling artifact acquired by an ordinary medical Doppler system for estimating the numerical level of roughness of renal stones in an ex vivo study.
Materials and Methods
The different steps of the proposed method are represented in Figure 2 . As illustrated in this figure, 2 different sets of data should be acquired from each renal stone: the surface roughness and the twinkling intensity. The roughness is calculated from the 3D model constructed from digital photos, and the twinkling intensity is calculated from the US color flow Doppler images.
In this study, 20 renal stones with sizes of 4 to 10 mm and different morphologic characteristics were used to evaluate the proposed method. All of these stones, provided by the Urology Department of Shahid Labbafinejad Hospital, had been removed surgically from patients. Since the focus of this study was to find the relationship between the twinkling artifact and the surface roughness, other parameters such as the age and sex of the patients and the site and chemical composition of the stones were considered irrelevant to be mentioned here. Both the Doppler and optical data were acquired ex vivo after removal of the stones.
Optical Data Acquisition
Digital photogrammetry was considered the core technique for 3D modeling in this study, as mentioned. PhotoScan (Agisoft LLC, St Petersburg, Russia) was the commercial photogrammetric software that was used here. To construct a model, an object should first be photographed from different angles to cover the whole surface. Therefore, a setup as shown in Figure 3 was designed for taking surrounding overlapped photos of each renal stone.
Conventionally, close range photogrammetry is used for modeling relatively large objects. The camera is moved around the object of interest and takes photos while the other factors (camera and lens parameters and the lighting conditions of the scene) are kept unchanged. However, fixing the position of the camera and rotating the whole imaging scene are mechanically preferred here because of the small size of renal stones compared with the size of the camera. As shown in Figure 3 , the rotating site of stones consisted of a 65-mm polytetrafluoroethylene disk attached to a flexible mini tripod with plastic and metal structures. To determine the amount of rotation, the disk circumference was marked with a resolution of 10 8. A 1-W high-power light-emitting diode lamp was placed above the disk, perpendicular to its plane, and directed to its center by means of a stand and clamp. An optical lens was also placed on the lamp to ensure parallel and uniform lighting independent of scene rotation.
Optical imaging of very small objects can be challenging, since the captured physical area by each pixel is relatively large, and fine details are lost. To overcome this problem, macrography has to be used instead of simple photography. Macrography is the method of taking extreme close-up photos from very small objects, in which the size of the object in the image is greater than its real physical size. In this study, the reverse-lens technique was used to perform macrography of the stones. 
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An EOS 350D digital single-lens reflex camera (Canon, Tokyo, Japan) along with a Canon EF-S 18-55 mm II zoom lens reversely mounted on the body were used for this purpose. The camera was attached to a tripod and focused at the center of the disk with an incident angle of 458 above the disk plane.
The result of macrography is highly sensitive to the camera settings because of the shallow depth of the field. Thus, proper adjustment of these settings is essential. 27 Since the stone is not moving during each photo shoot, selection of a long exposure, a small aperture, and low sensitivity for the camera and manual fine tuning of the lens focal point is recommended for this study. Accordingly, by taking some test images, the camera and lens settings were adjusted as summarized in Table 1 and kept unchanged during the macrography of all renal stones. The camera was connected to a computer, which controlled the timing of the shoots and displayed the acquired images.
Before imaging for photogrammetry, it is common to include some control points with known spatial locations relative to a predefined coordinate system whose origin is the center of the object. By knowing the actual position of these markers and locating them in the acquired images, the final model can be tied to the realworld coordinates. Furthermore, comparing the real positions of these points with their projections in each image will improve the accuracy of camera transfer function estimation and lens distortion compensation and, hence, the accuracy of final model. 26 Therefore, we designed a scene for imaging renal stones, as illustrated in Figure 4 . First, binary images of 8 circular targets were generated by PhotoScan, each coded with black-andwhite segments on their perimeter. These images were then imported to MATLAB software (The MathWorks, Natick, MA) for resizing and alignment. A 6-mm ring at the center of the scene represented the stone place. The coded targets were scaled to 2.5 mm and placed around the center at 458 intervals, as shown in Figure 4 . The designed scene was then printed in its actual size with a 600-dots-per-inch resolution and glued to the rotating disk. The optimal sizes and positions of the coded targets were selected on the basis of the mentioned camera settings and output images by trial and error.
Each renal stone was fixed at the center of the scene by means of some polymer dough. The focal point was manually fine tuned to achieve maximum sharpness. Then the camera was commanded by the computer to take 36 raw photos at 8-second intervals. In each of these waiting intervals, the disk was manually rotated 108 counterclockwise to cover the whole stone. This process, which took less than 4 minutes, was repeated for all of the renal stones. The photos, each with a size of 2304 3 3456 pixels, were directly stored on the computer hard drive and then converted to the 16-bit color Tagged Image File format. The final acquired images for a sample renal stone are shown in Figure 5 . After each imaging, the renal stone was carefully detached from the disk and fixed with the same orientation on another piece of dough for further data acquisition.
Spatial Modeling and Roughness Measurement
The acquired images were imported to the PhotoScan software for spatial model generation. In the first step, the position and direction of the camera relative to the object were estimated for each image by finding and matching some common points on the photos. An initial estimation of camera calibration parameters was also made in this step. The calibration parameters specified the nonlinear transformation from the 3D point coordinates in the real world to the 2-dimensional pixel coordinates in the image frame, which was modeled by Brown's distortion formula. 28 In the next step, the locations of coded targets were automatically detected on each image, and based on their real locations measured previously, the camera alignments and calibration parameters were optimized by an iterative process. The result of camera alignment adjustment is shown in Figure 6 for a sample renal stone. Each rectangle represents the position and direction of the camera relative to the stone for each acquired photo. As illustrated in Figure 6 , the movement of the camera around the stone is successfully simulated by the scene rotation during macrography.
Subsequently, based on the estimated camera positions and parameters, the depth information of renal stone pixels in all images were calculated and combined into a single dense point cloud model. This process takes a substantial amount of computational time, which could vary due to the size of the stone. Finally, a 3D triangular mesh representing the object surface was reconstructed by processing the local neighborhood of points in the dense cloud model. The mentioned process was used for all 20 stones, and according to the comparison of real measurements and estimations from models, the largest error of 20 lm was reported as the accuracy of modeling. The triangulated meshes were exported as text files, each containing 3D coordinates of the vertices, connection information of the edges, and normal vectors representing directions of the faces for the related mesh.
After the geometric models were constructed, each was imported to MATLAB for roughness characterization. There are many standard measures for quantifying the roughness of a planar surface. However, to apply them to curved kidney stones (Figure 1 ), one should first filter the global curviness of their surface while conserving local peaks and valleys. In this study, the local irregularities of each stone were extracted by mesh smoothing, as presented in Figure 7 . In this process, the roughness is first eliminated by local filtering applied to the original mesh and then retrieved by comparing the original mesh with its smoothed version in terms of spatial displacements. To provide a proper comparison between stones, the smoothing method should be linked with the spatial scale while being independent of the mesh sampling density. Thus, an adaptive scale-based algorithm was used in this study for mesh smoothing. 29 Each renal stone model was smoothed in 20 iterations with a local neighborhood radius of 0.2 mm. The mentioned size for the filtering area was selected to be comparable with the wavelength of the US pulse used in imaging.
Afterward, the smoothed mesh was considered as a base surface, and the distance between each vertex on the original mesh and this base surface was calculated as the height of that vertex. This process is somehow similar to the concept of scalar displacement mapping in computer graphics. 30 These heights can be visualized alone on a planar surface by projecting the coordinates of vertices or on the original mesh by gray coding, as shown in Figure 7 . After the height map is extracted for each stone, the standard roughness measures can be calculated for them. In this study, we extracted 12 heightbased roughness parameters, which are summarized in Table 2 . The reason for calculating more than 1 parameter was to later investigate the effectiveness of each roughness measure on the magnitude of the generated twinkling artifact.
Color Doppler Data Acquisition
The imaging machine used in this study was an Accuvix V10 Doppler US system with an L5-13IS linear array transducer (Samsung Medison Co, Ltd, Seoul, Korea).
To mimic the renal tissue around the stone, an agar gelbased phantom was developed with a homogeneous solution of 4 g of agar-agar powder in 1 L of distilled water. The use of agar is preferred to gelatin powder because of its lower sensitivity to heat produced by the US transducer, which may melt the phantom. Half of the solution was poured into a container, and after it set, the renal stones were positioned on it at equal intervals. It is important for the stones to have the same orientation in the phantom as they had in the optical imaging phase. Both US and light waves interact with solid objects at the site of incident; therefore, the acquired data would be related to that position. Since the goal here is to relate the roughness data to the twinkling data, both should be acquired from the same location of each stone. It is ensured by retaining the orientation of a stone's transverse plane during both optical and Doppler imaging. Afterward, the container was filled with the remaining half of the agar solution so the stones were embedded in the middle of the phantom. The absence of extra air bubbles was also ensured before leaving the phantom to set. According to the high sensitivity of the twinkling intensity to the imaging system settings, 6,31-37 the US system should be calibrated before data acquisition. Furthermore, these settings should be kept unchanged during the imaging of all renal stones to eliminate bias in the final data. Therefore, the system was calibrated for First material ratio S mr2
Second material ratio Figure 6 . Result of the camera alignment process for a sample kidney stone. Each rectangle represents the position and direction of the camera relative to the stone for each acquired image.
the smoothest renal stone and by user feedback based on the routine we recently proposed. 16 The only modification in the calibration process is the preference of the "combined" display mode over the proposed "coloronly" mode because of the size difference of renal stones. As will be described in following sections, the size of the stone in the lateral axis is an important parameter in twinkling quantification, which is not detectable in the color-only mode. Moreover, identification of the stone position for imaging will be more convenient and precise by using the anatomic data instead of the functional ones. Hence, both the grayscale anatomy of the renal stones and the overlaid color twinkling artifact data should be acquired during the imaging process. The final calibrated settings used in this study are summarized in Table 3 .
Each renal stone was imaged for 4 seconds. The Doppler window location was adjusted to include only the stone of interest in each imaging sequence. The size of the Doppler window remained unchanged during imaging of all stones. The US transducer was held by a trained physician, perpendicular to the phantom surface during imaging. Due to the selected settings, the frame rate of data acquisition was 11 frames per second, which led to 44 combined Doppler images for each of the 20 stones. All data were stored as standard Digital Imaging and Communications in Medicine files and then transferred to a computer for further processing.
Preprocessing and Twinkling Artifact Measurement
The acquired Doppler data were imported to MATLAB and converted to separate 3-channel color image arrays. The first frame of each renal stone was analyzed to locate the Doppler window. All 44 frames were then cropped on the basis of the located rectangular area to eliminate the background data. Next, the lateral extent of each renal stone was measured in pixels interactively from the first cropped frame of that stone. The lateral expansion of the twinkling artifact is associated with the stone size, and the roughness is only correlated with its axial extent. Therefore, the lateral size of the stone is needed to correctly quantify the twinkling artifact related to roughness. 16 After the size has been measured and saved, the grayscale pixels are no longer useful and should be eliminated. This process was done by comparing the intensity of channels for each pixel, since the gray spectrum is made by combining equal values of red, blue, and green. Therefore, each pixel with channel variations of less than 5% was labeled as anatomic data and replaced with a black pixel. Since the phantom environment is stable, and nontwinkle color noises are also avoided in the system calibration, 16 the remaining color pixels are all included in the twinkling artifact. Hence, there is no need to select the region that only contains twinkling data.
The representation of a single velocity data point with 3 color values in Doppler images is only for facilitating the visualization, not for providing extra information. Therefore, as the next step, inverse mapping of data from the color space to the normalized velocity space was done for all frames on the basis of the selected color map during data acquisition. 16 As a result, 44 velocity arrays for each of the 20 renal stones were obtained. The first color flow Doppler frame of a sample renal stone along with the output of each mentioned preprocessing steps are illustrated in Figure 8 . As shown in Figure 8A , using a black-red/black-yellow color map for mentioned numerical reasons 16 changes the appearance of the twinkling artifact, and different shades of red and yellow are now observed in the twinkling area. After preprocessing, the magnitude of the converted twinkling artifact in each frame was measured by using 11 topranked criteria recently proposed for roughness discrimination. 16 The extracted lateral sizes of stones were used to normalize the pixel count measures as described before. At the end of this step, 44 data points in an 11-dimensional twinkling space were achieved for each of the 20 renal stones.
Twinkling-Based Roughness Estimation
Linear models are very popular in medical sciences because of their monotonic nature and simple use. Therefore, the multiple linear regression method 38 was used for roughness estimation of the renal stones in this study. The measured twinkling data (880 observations) were first whitened to have 0 mean and unit variance in each dimension. These data were then considered independent variables, and the hypothesis of a linear relationship between them and each of the roughness variables was statistically tested separately. In each case, the linear predictor function was an 11-dimensional hyper plane that best fitted the data. Note that for each definition of roughness, a separate regression analysis was performed. The model parameters were estimated by the leastsquares method, and the coefficient of multiple determinations (R 2 ) was used as a goodness-of-fit measure. A higher R 2 indicates better roughness estimation, and lower P value from the hypothesis F test indicates higher significance of the acquired result.
The mentioned statistical analysis treated the whole acquired data set as a random sample of the renal stone population. To quantify the power of roughness estimation for data not included in the model training process, the leave-one-out cross-validation approach 39 was also used in this study. In 20 trials, the roughness of each renal stone was predicted by using a multiple linear model trained by the twinkling data of the 19 remaining renal stones. The absolute difference of the predicted and measured roughness of each stone was then considered the prediction error for unseen data.
Results
The generated spatial models of renal stones are illustrated in Figure 9 . This figure shows the top view of the stone models, which was perpendicular to the direction of US pulse emission during color Doppler data acquisition. In other words, the generated twinkling artifact is related to the roughness of the presented orientation of stones in Figure 9 . As can be seen, renal stones with different sizes and morphologic characteristics were used in this study to increase the generality of the results and decrease the dependence of the analysis on parameters other than stone roughness.
The results of 12 separate regression analyses relating the twinkling measures with each of the roughness parameters are presented in Table 4 . As shown, the P values for all tests were less than .001, which indicates the statistical significance of the results and the presence of enough evidence for rejecting the null hypothesis. The highest R 2 of 83.29% was attained for the core height parameter (Table 2) according to the results. This finding means that 83.29% of the variability in core height roughness is explained by 11 twinkling artifact magnitudes, which implies the strong linear relationship. Due to the statistically significant result of the hypothesis test, with F (11,868) 5 393.36 and P < .001, the twinkling artifact was a good predictor of the core height roughness of the renal stones.
According to Table 4 , and since the core height parameter can be predicted with the twinkling artifact better than other roughness measures, the mentioned cross-validation analysis was only applied to this parameter. A box plot representation of the absolute error of roughness prediction for 44 Doppler images of each renal stone is represented in Figure 10 . As stated before, the error for each twinkling image is calculated on the basis of the prediction of roughness due to the data of the other stones. The stone numbering in Figure 10 was done after sorting the stones based on their core roughness, so stones 1 and 20 were, respectively, the smoothest and the roughest renal stones in our data set. Finally, the average value of the absolute error for core roughness estimation was 34.92 lm for all stones, whose roughness ranged from 40 to 400 lm. 
Discussion
Since its introduction in 1996, the diagnostic value of the twinkling artifact on color Doppler US has been investigated in the field of urology. 10, 36, [40] [41] [42] [43] [44] [45] [46] [47] [48] This study was concerned with the noninvasive prediction of roughness levels of kidney stones with the use of quantitative analysis and measurement of their corresponding twinkling artifacts. The clinical advantage is for the sake of the correlation between renal stone morphologic characteristics and their fragility, 49 which can determine the effectiveness of treatment. According to the results of this study on 20 renal stones, the proposed method is suitable for noninvasive prediction of stone irregularities ex vivo, with R 2 of 83.29% (P < .001). The estimated model is able to receive the twinkling intensity vector in its input and predict the roughness of the imaged renal stone. Also, by convolving the preprocessing and twinkling measurement blocks with the linear model, the whole roughness prediction process can be applied directly to the acquired Doppler images of the stones. It is noteworthy to restate that the appearance of the twinkling artifact is highly sensitive to the imaging system and its setting adjustments. Therefore, as for any training process, the performance of roughness prediction is highly correlated with the resemblance of test and train situations. In other words, if the predictor is trained under conditions listed in Table 3 , it should be used for Doppler images taken under the same machine settings to correctly predict the roughness. Due to the wide range of surface irregularities used for calibration and training here, there would be no need for changing the settings and retraining the roughness predictor. The whole procedure of calibration and predictor training is reproducible for different machines and settings using a phantom with different levels of surface roughness, as described in this study.
It is noteworthy to point out that only the existence of a linear relationship between twinkling and roughness was studied here, and nonlinear relationships, which require more complex analyses, were not investigated. The core height roughness can be considered a statistical measure, since it is extracted from the cumulative density function of stones' heights. It represents the dispersion of the most frequent heights around the surface baseline. From the statistical point of view, this measure is somehow similar to the interquartile range of the surface heights. Therefore, some high peaks and deep valleys on the stone will not have a substantial influence on this roughness measure. According to Table 4 , the next candidate for a roughness measure that has a good linear fit with the twinkling intensities is the Arithmetic mean of absolute height, with an R 2 of 81.69% (Table 2 ). Since the most positive and negative values of height are placed around the baseline, the arithmetic mean of absolute height also represents the range of heights, as does the core height. However, this measure is very sensitive to peak-and-valley outliers, as all heights are included in its calculation. Figure 9 . Top view of the generated models of 20 renal stones used in this study. The direction of US wave propagation was perpendicular to the presented surface during twinkling data acquisition for each stone. Abbreviations are as in Table 2 .
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Considering the presented results in Figure 10 , it can be seen that the maximum mean absolute error belonged to the roughest renal stone (stone 20). As described before, errors were calculated from the estimation of each stone's roughness by a model that did not see the data of that stone in its training process. When the roughest stone is left out and a linear model is built with the remaining ones, the roughness prediction of that stone becomes an extrapolation problem. 38 Predicting a data point outside the model's observation range is often associated with more error than data within the observation range. The same reasoning applies to the smoothest stone. However, the mean error was lower, since the roughness difference between stones 1 and 2 was lower than that of stones 19 and 20.
Another interesting observation on Figure 10 is the wide range of prediction errors related to the twinkling images of stone 6. After its color Doppler data were overviewed, it was found that an unwanted transducer movement had occurred during acquisition of the Doppler images, and the 44 twinkling data points were recorded from different cross sections of the stone. Since this stone was relatively smooth, the twinkling measurement resulted in different values for each image, but a single roughness label was assigned to all of them. To better illustrate the situation, the twinkling images from different cross sections of 2 relatively smooth and rough kidney stones are presented in Figure 11 . Note that these additional data are used to support the discussion of the main results in a more comprehensive way.
As can be seen in Figure 11A , the axial extent of the artifact is nearly the same for different slices of the rough stone. However, since the generated artifact is a result of the surface roughness, the lateral extent of the artifact is commensurate with the stone's lateral expansion. Therefore, as the twinkling measures used are size independent, the calculated magnitudes are very close for different stone slices. In other words, the measured intensities of the twinkling artifact for rough stones are not very sensitive to the imaging cross sections of those stones. On the other hand, as illustrated in Figure 11B , the twinkling artifact only appears on the sides of a smooth renal stone. This phenomenon can be explained by the mechanism behind twinkling artifact generation.
According to the phase noise hypothesis, 33 there is intrinsic noise in the US beam former, which leads to some slight random variation in the US wave direction in successive emissions. If its influence on successive reflected echoes gets amplified somehow, it is falsely recognized by the US system as random physical movements and depicted as the twinkling artifact. The roughness of the surface is the most addressed factor in the literature that can magnify the phase noise effect, which was comprehensively described by Kamaya et al. 33 In addition to roughness and using the same reasoning, a smooth surface can also generate the twinkling artifact if Figure 10 . Box plot representation of the absolute error of roughness estimation for each stone using the multiple linear regression model trained by remaining stones.The stones were sorted in ascending order of roughness before numbering.
it is imaged with a steep slope relative to the perpendicular plane. The surface slope can convert the small random angular displacement to a relatively large delay difference in successive echoes and saturate the Doppler estimator.
As mentioned before, renal stones have curved structures, which implies that the global steepness of its surface profile is higher on the sides than the center. Therefore, when a US transducer is placed right above a smooth stone, the emission direction is almost perpendicular to the center area of its surface, but the angle between the wave and surface vector increases on the sides. Hence, the artifact only appears on the sides and not on the center, as shown in Figure 11B . Since the twinkling measures are normalized to the lateral expansion of the stone, the calculated twinkling intensity would be much lower for central slices than cross sections on the sides. In other words, the measured twinkling magnitudes are highly sensitive to the imaging plane for smooth renal stones. That factor is the reason for the large range of prediction errors for stone 6 in Figure 10 when unwanted transducer sliding occurred during its imaging. According to what has been mentioned above, we suggest that the middle slice of a renal stone should be imaged to obtain more accurate results when using the proposed roughness estimation method.
Comparing the proposed framework with our previous phantom study, 16 it is noteworthy to highlight the improvement in US system calibration and data acquisition. As mentioned before, although selecting the combined display mode over the color-only mode imposes some additional preprocessing steps, it makes the targeting of the stone more convenient for medical practitioners. Therefore, this modified calibration will be more appropriate for real medical examinations. Furthermore, contrary to the phantom study, in which the transducer was fixed by means of a stand and clamp, the transducer was held by hand during imaging in this study. In real-life scenarios, the use of mechanical transducer holders may limit the ability of physicians to quickly compensate the targeting for probable patient movement. Therefore, taking out the necessity of using mechanical holders implies the robustness of the presented results and also makes the proposed method more promising for in vivo applications.
In conclusion, this study improves the feasibility of noninvasive prediction of renal stone roughness by a quantitative analysis of the twinkling artifact on color Doppler images. However, directly using the presented method for roughness estimation of renal stones inside the human body could be challenging. The objective of our future work is to modify the proposed method to address the probable challenges and make it suitable for in vivo studies and clinical applications. A US examination of the kidney is usually performed with curvilinear transducers because of their deeper wave penetration in tissue. All of the proposed twinkling analyses were performed on rectangular images acquired with a linear transducer. When using a curvilinear transducer, mapping of fanshaped images to the rectangular space will be needed as an additional preprocessing step. The difference in patients' body habitus may also be an issue, since the twinkling may be affected by the transducer distance. This issue can be addressed by choosing twinkling features that are distance independent. Furthermore, as explained Figure 11 . Effect of sliding the transducer perpendicular to the imaging plane in the twinkling region for rough (A) and smooth (B) renal stones.
before, roughness labels of renal stones are necessary for estimating the parameters of the linear model. Thus, in the training step, the stones should be imaged by Doppler US first, and then after they are surgically removed from the body, their roughness can be calculated by the mentioned optical method. A calibrating phantom also may be used for training to overcome the local roughness variability and orientation of internal stones. Finally, the presence of other noises in the Doppler window, such as colors associated with kidney blood vessels, will reduce the performance of the proposed method in its current form. This problem can be addressed by proper selection of twinkling pixels in the preprocessing step. One suggestion would be monitoring of the pixel time series in the Doppler window region. Although pixels with high color variability are preserved as twinkling data, low-variance pixels are eliminated as nontwinkling noises. We are also working on using more labels to directly predict the chemical composition and breakability level of renal stones using the proposed framework.
